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INTRODUCTION
Heterosis, also known as hybrid vigor, refers to the superior performance of hybrid offsprings with respect to biomass, development and fertility, when compared with the homozygous parents (Darwin, 1876; Shull, 1908) . This phenomenon was found to be amplified in crosses from genetically distant inbred lines (Reif et al., 2007) , leading to the establishment of heterotic patterns employed in hybrid breeding programs (Melchinger and Gumber, 1998; Reif et al., 2005) . However, despite the agronomic relevance of heterosis, the relative contribution of the existing proposed molecular mechanisms may underpin heterotic traits in plants remains elusive (Birchler et al., 2010) . One means to reveal the molecular determinants of heterosis is to determine the mechanisms that underpin hybrid performance.
Addressing the issue of hybrid performance, as a step towards understanding heterosis, has been propelled by the advent of high-throughput technologies that facilitated system-wide genome (Technow et al., 2012) , transcriptome (Hoecker et al., 2008) , proteome (Dahal et al., 2012) and epigenome (Groszmann et al., 2013) profiling. While proving useful for identifying the inheritance patterns on the level of individual molecular components, these studies have not considered that the levels of the components are interdependent due to their participation in different cellular pathways (Kacser and Burns, 1981) . Metabolism, as a molecular layer integrating effects of transcription, translation and signaling, directly contributes to plant development and growth. As a result, data about the adjustment of metabolism in hybrids in comparison to inbreds can provide insights about how this molecular layer is involved in boosting hybrid performance (Meyer et al., 2007) . Due to the high interdependence of the metabolite levels, the resulting metabolic status may be captured by the levels of only a subset of metabolites. As a result, it has been recently shown that the usage of metabolite levels leads to good performance of predictive models for important agronomic traits in hybrid rice as well as for combining ability in maize (Riedelsheimer et al., 2012a; Dan et al., 2016; Xu et al., 2016) .
Although improved hybrid performance has been extensively investigated in adult hybrid plants, it can already be detected at the early stages of seedling (Hoecker et al., 2006; Meyer et al., 2012) and embryo (Jahnke et al., 2010) development, on both morphological and molecular levels. Based on metabolomics analysis of 3.5-day-old young roots in maize hybrids from six inbred lines, Lisec et al. (2011) demonstrated that metabolite levels in hybrids are, on average, more robust in comparison to those in the inbred lines. However, the contribution of particularly robust metabolites to the predictability of hybrid performance has not been tested yet. If robust metabolites, measured in early developmental stages of plants grown under controlled conditions, can be employed to predict hybrid performance in the field, it will bridge the greenhouse-field gap and will revolutionize the existing breeding practices.
Here, we show that robust metabolites underpin a predictive model for hybrid performance using a panel composed of inbred lines of the Dent 9 Flint heterotic pattern and selected F 1 hybrids, from crosses thereof. Specifically, we contrast controlled against field conditions to evaluate: (i) whether metabolite levels are more robust in hybrids as compared with the parental lines; and (ii) whether the levels of metabolites, which are more robust in hybrids in comparison to inbreds, are predictive of biomass assessed in the field from two separate seasons. To this end, we compared the predictive power of metabolite levels in young roots from in vitro germinated seedlings with those from leaves sampled from field-grown plants. The comparative analysis allowed us to delineate the potential environmental, developmental and tissue-specific effects associated with the heterotic metabolic traits and their final manifestation -plant biomass.
RESULTS

Metabolic profiling of young roots and leaves from hybrids and inbred lines
The levels of 182 analytes (i.e. metabolites and unannotated chromatographic peaks) of young roots from in vitro germinated seedlings of 101 Dent, 109 Flint and 363 F 1 Dent 9 Flint genotypes were determined by gas chromatography separation followed by mass spectrometry (GC/MS). In addition, we measured the levels of 153 analytes in leaf samples from field-grown plants of the same genotypes. To mitigate the effect of systematic errors from factors related to sample handling and culture, best linear unbiased estimates (BLUEs) for the analyte levels were obtained and used in the following analyses. After quality checks, the 'root data set' consisted of 165 analytes (Table S1 ), while 81 analytes were included in the 'leaf data set' (Table S2) . Due to the non-targeted analysis of the root samples, altogether 30 analytes were shared between the two data sets. In addition, we determined the field fresh weight (FW) of the hybrid genotypes in two distinct field trials that took place in 2010 and 2012 (Table S3 ). The metabolic profiling methods, as applied in our study, allowed us to determine the relative levels of compounds with low molecular weight, including: sugars, amino acids, organic acids, sugar alcohols, nucleic acids and some representatives of few other classes of secondary metabolites.
Metabolic profiles indicated that the genotype groups employ similar metabolic strategies at early developmental stages
To obtain an overview of the variation between the heterotic patterns and the hybrids in the two data sets, we performed principal component analyses (PCA). The first two principal components (PCs) explained less of the variance in the root data set (29.83%; Figure 1a ) in comparison to the leaf data set (49.77%; Figure 1b) . Moreover, PC1 from the leaf data set separated the hybrids from the inbreds, which was not the case with the first two PCs from the root data set. The lack of separation of the hybrids from the inbreds persisted even when the first three PCs were used with the root data set ( Figure S1 ). This observation indicated that hybrids and inbreds may use similar metabolic strategies at early seedling stages. In addition, Dent and Flint lines were undistinguishable in both settings. In the leaf data set, however, a PCA restricted to the inbred lines does separate the two groups ( Figure S2 ). 
Hybrids of good performance exhibited different metabolic composition
We also wanted to assess whether the variability in the data sets is associated with the distribution of the field biomass of fully developed plants. To this end, we conducted PCA based on the metabolic profiles of the hybrids only.
Here, too, we observed disparities in the cumulative variance explained by the first two PCs, which was~48% higher in the leaf data set (45.81%) in comparison to the root data set (31.01%). The same disparity in the cumulative distributions was observed when restricting the PCA to the inbred lines only ( Figure S2 ). We note that the parents of the evaluated hybrids were exclusive to field trials in 2010 and 2012 (except for six inbreds; Figure S3 ). Therefore, the detected difference between the root and the leaf data sets was likely due to the combination of environmental and metabolic activity effects in the investigated tissues, rather than only on the considered genotypes. By overlaying FW data of hybrids in the PCA plot, we were unable to detect any particular distribution pattern for FW based on the proximity of metabolic profiles of hybrids ( Figure 2 ). This was supported by non-significant Moran's I statistics, based on relative neighborhood graphs (Kleessen et al., 2013) constructed from the first two PCs as spatial coordinates, indicating no clustering with respect to the FW of the hybrids ( Figure S4 ). Altogether, these findings suggested that hybrids achieve good performance with different metabolic compositions. Therefore, they highlighted existing observations from plant and other eukaryotic systems that similar growth performance can be achieved by different strategies due to plasticity of metabolism (Harrison et al., 2007; Kleessen et al., 2014) .
Hybrids were metabolically more robust in comparison to inbred lines Our findings led us to the question about the ability to predict performance of hybrids in the presence of such phenotypic plasticity at the level of metabolism. Our goal therefore does not consider a comparative analysis of predictive power with a different set of predictors (e.g. metabolites and genomic data; Riedelsheimer et al., 2012a) , but aims to identify the reasons for any predictive power from metabolomics data only.
To address this issue, we next decided to assess differences in metabolic robustness in the hybrids as compared with the inbred lines, for both the root and leaf data sets. Robustness denotes the ability of a system to maintain a given property (i.e. trait) in a relatively small range (Kitano, 2007) . One way to characterize robustness is to determine the coefficient of variation (CV) for the trait (Toubiana et al., 2012) . Here, we are interested in the robustness of a given metabolite over the set of inbreds and hybrids, respectively. Because metabolites come with different scales of abundance, the usage of variance over the set of genotypes would be biased towards less abundant metabolites. Therefore, to overcome this bias, we determined the CV for each individual metabolite, separately for hybrids and inbred lines. The corresponding ratio (CV H / CV P ) was, in turn, log 2 -transformed ( Figure S5 ). A negative value for the log 2 -transformed ratio indicates that the respective metabolite is more robust (i.e. has lower CV) in hybrids in comparison to the inbred lines. The mean of the distribution of log 2 -transformed CV ratios between hybrids and inbred lines is indicative of the average metabolic robustness of the hybrids in comparison to the inbred lines. In other words, it indicates that the majority of the hybrids tend to have more robust metabolite levels, as quantified by the CV, in comparison to the parents.
The distribution of log 2 -transformed CV ratios from root metabolite levels was shifted towards negative values (l obs = À0.24; Figure 3a ), which was more pronounced for the distribution of log 2 -transformed CV ratios from leaf metabolite levels (l obs = À0.43; Figure 3b ). To assess the significance of the observed shift in the mean of each distribution, we calculated the distance of the observed mean (l obs ) from the expected value of the distribution of means obtained from 10 000 randomly permuted data sets (l perm ). The expected value of the latter distribution was 0.002 in the root data set ( Figure 3c ) and 0.007 in the leaf data set ( Figure 3d ). For the root data set, l obs is~7.8 standard deviations away from l perm , corresponding to a P-value of 5.15 9 10 À15 (Figure 3c ). For the leaf data set, l obs was 13.3 standard deviations away from l perm , corresponding to a P-value of 3.79 9 10 À40 ( Figure 3d ). Therefore, we concluded that the hybrids were metabolically more robust than the inbred lines, valid for the two investigated data sets. Furthermore, given that CV H CV P ¼
Þ, we examined the contribution of the two summands to the shift of log 2 ð CV H CV P Þ towards negative values.
We found that log 2 ð s H s P Þ (i.e. the ratio of the standard deviations from hybrids and inbred lines) is the main contributor to the observed shift in log 2 ð CV H CV P Þ ( Figure S6 ). Therefore, we concluded that the differences observed between hybrids and inbred lines were mainly due to the differences in dispersion of metabolite levels, with little effect on mean levels. To test the relevance of inheritance patterns for the levels of individual metabolites for the proposed concept of metabolite robustness, we compared our previous findings with those obtained with metabolite levels in each hybrid set to the average of their parental levels. These simulations yielded more negative values of log 2 -transformed CV ratios ( Figure S7) . At the individual level, most analytes exhibited an increase in robustness, particularly in the root data set ( Figure S8 ). Furthermore, we compared our ranks of analytes ordered by robustness with the ranks obtained from the simulations, and found that these were unrelated in the root data set (r s = 0.06, Spearman correlation) and mildly related in the leaf data set (r s = 0.43, Spearman correlation), suggesting that non-additive effects contribute to the robustness metric, particularly in the root data set.
Because metabolite levels have been shown to act as the main determinants of reaction fluxes (Hackett et al., 2016) , which in turn can essentially set the rate of growth (Bordbar et al., 2014) , this would imply that the reaction fluxes are also less variable in hybrids in comparison to inbred lines. Smaller variability of the fluxes would then imply maintenance of performance, in terms of growth, across the hybrids. Therefore, our results may directly be used to establish a connection to the prevalence of heterosis in hybrids obtained by crossing inbred lines from two heterotic pools, as in our setting.
Robust analytes are predictive of maize hybrid performance Next, we investigated whether a link exists between the detected metabolic robustness in hybrids and their FW in the field. To this end, we compared the predictability of hybrid performance based on state-of-the-art statistical techniques with the most (respectively, the least) robust analytes from each of the two data sets as predictors. Hybrid performance was predicted with progressively larger sets of analytes ordered by decreasing (respectively, increasing) robustness, by employing support vector machine using a radial-basis function kernel (SVM-RBF) shown to perform well in similar settings (Feher et al., 2014; Xu et al., 2016) . For each subset of analytes, the model was trained and fivefold cross-validated in 25 independent trials, allowing us to report the corresponding mean coefficient of determination, R 2 , as a measure of predictability. We observed that using the root data set, models trained with the most robust analytes consistently outperformed models with the corresponding number of the least robust analytes. Furthermore, the stepwise addition of metabolites into the set of the~75 most robust metabolites did not improve the mean predictability, which remained constant at R 2 = 0.37 (Figure 4a) . The same trend was observed with the leaf data set, with greater predictabilities in comparison to the root data set. Here, the stepwise addition of metabolites into the set of the~55 most robust metabolites also did not improve the mean predictability, which remained constant at R 2 = 0.44 ( Figure 4b ). In addition, we re-fitted the best models using a random sample (80%) of the data to predict in the independent hold-out sample (20%), thus evaluating their generalizing ability with the root (Figure 5a ) and leaf ( Figure 5b ) data sets. We designate this procedure as 'test validation'. We found that for both data sets, the test predictabilities were highly similar to the corresponding cross-validated predictabilities, reported above, supporting the claim that the models generalize well to independent observations (Figure 5c ). To address potential confounding effects from the difference in the number of analytes in the two data sets, we repeated the test validation 25 times using 81 randomly picked root analytes in each repetition (i.e. the total number of leaf analytes) and observed a decrease of 0.05 in the average predictability relative to that from the root data set ( Figure S9 ).
Finally, we investigated the model fit with respect to best and worst performing hybrids, and found that the magnitude of the residuals for hybrids with FW < l FW was indistinguishable from that of hybrids with FW ≥ l FW . Therefore, we concluded that our models do not favor the predictability of a particular group of hybrids with respect to FW ( Figure S10 ).
Metabolite ranking based on correlation with field biomass
In an attempt to discern the contribution of the different analytes for predicting field FW, we built analyte rankings based on the absolute value of the Pearson correlation coefficient, r, between the corresponding analyte levels in hybrids and FW. However, we could not identify any over-representation of either positive or negative correlations among the top-ranked analytes in the rankings from both root and left data sets. We also observed that the magnitude of the absolute value of r was, on average, higher for the leaf than for the root data set (Figure 6 ). Upon inspecting the list of the first 10 analytes in the ranking from the root data set, we found that ornithine (r = 0.32), pyroglutamate (r = 0.31), glutamine (represented by two analytes; r = 0.30) and five unannotated analytes (r = 0.35, 0.35, 0.34, 0.34, 0.33) were significantly (t-tests with P < 0.01 following a Bonferroni multiple hypothesis-testing correction), positively correlated with FW, and that a single unannotated analyte (r = À0.27) was significantly, negatively correlated with FW. However, we did not identify predominance of more robust analytes, based on their distance from the mean of the respective distribution of log2-transformed CV values (Table 1a) .
By inspecting the list of the first 10 analytes in the ranking based on the leaf data set, we found that tetradecanoic acid (r = 0.36), putrescine (r = 0.31) and a single unannotated analyte (r = 0.38) were significantly and positively correlated with FW, and that morin (r = À0.39), chlorogenic (a) Using the root data set, the predictability (R 2 ) of hybrid performance [i.e. field fresh weight (FW)] was higher when models included subsets with the most robust analytes (red) compared with those with the least robust ones (blue). (b) The same trend was observed using the leaf data set. Shaded regions represent the corresponding 95% confidence intervals of mean R 2 .
acid (r = À0.36), ornithine (r = À0.35), aspartic acid (r = À0.34), secologanin (r = À0.31), alpha-adenosine (r = À0.31) and a single unannotated analyte (r = À0.35) were significantly and negatively correlated with FW. As with the root data set, here, too, we did not identify predominance of more robust analytes (Table 1b) .
DISCUSSION
In the present study, we performed a comparative analysis of the metabolic profiles from a panel of the Dent and Flint heterotic group, respectively, as well as selected factorial Dent 9 Flint crosses. For this purpose, we profiled young roots from in vitro germinated seedlings and leaves collected from field-grown plants. While the PCA of the three groups (Dent, Flint and hybrids) on the leaf metabolic profiles could separate the hybrids from the inbred lines (with the first two PCs explaining almost half of the variance), this did not hold for the root data set. This result indicated that the combination of environmental effects (controlled environment versus field), tissue specificity of metabolism (root versus leaf) and developmental stages (early versus late) played a key role in manifesting the genotypic differences on metabolism.
To further disentangle the reasons for these discrepant findings from the two data sets, we conducted separate analyses with the metabolic profiles of the hybrids and inbreds, respectively. In the case of the metabolic profiles of the hybrids, we did not identify any clustering pattern associated to differences in biomass, supported by the Moran's I Observed FW (q ha -1 ) Predicted FW (q ha -1 ) R 2 = 0.41 400 500 600 700 800 400 500 600 700 800 400 500 600 700 800 400 500 600 700 800
Observed FW (q ha The best cross-validated models were re-fitted with a random hold-out sample (80%) and used to predict hybrid performance in the remaining observations (20%, test set). The observed and predicted hybrid performances for a random test set are contrasted using (a) the root data set and (b) the leaf data set.
(c) The predictabilities (R 2 ) of hybrid performance using the test sets from the root and leaf data sets ('Test Root' and 'Test Leaf', respectively) are highly similar to the predictabilities reported directly from the corresponding cross-validated models ('CrV Root' and 'CrV Leaf', respectively). Blue and red colors denote hybrids phenotyped in the field trials of 2010 and 2012, respectively. Absolute value of r * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * (b) (a) Figure 6 . Metabolite ranking based on the absolute Pearson correlation coefficients (r) of the correlation between metabolite levels and fresh weight (FW) of field-grown hybrids. (a) The rank generated by correlating the levels of every individual root metabolite with FW has shown a balanced distribution of positively (white bars) and negatively (black bars) correlated metabolites. (b) The ranking generated from the correlation between each leaf metabolite and FW does not show predominance for the sign of correlations among the topranked metabolites. Asterisks denote P-value of the Pearson correlation coefficient (r) > 0.01 adjusted using Bonferroni multiple hypothesis-testing correction. statistics, with both data sets. This finding indicated that hybrids with similar performance did not necessarily employ the same metabolic strategy, reflected in the profile of metabolite levels. Could then heterosis be credited to the convergence of hybrids' metabolism to a set of optimal metabolite levels, which can greatly improve plant metabolic efficiency and, ultimately, growth? If true, this observation would imply more robust levels for a large fraction of metabolites in hybrids when compared with the inbred lines, leading to smaller dispersion at unaltered means. Following the proposed molecular basis for dominance in heterozygotes (Kacser and Burns, 1981) , metabolite levels of hybrids are expected to be closer to one of the inbred lines, leading to smaller dispersion in hybrids that share a parent.
Indeed, we observed that the mean of the distribution of log 2 -transformed ratios of metabolite CVs of the hybrid and parental groups exhibit significant shifts towards negative values, which were consistent for both data sets. This observation translates into a greater expected metabolic robustness in hybrids compared with inbred lines, in agreement with results from Lisec and co-workers (Lisec et al., 2011) . Due to the direct link between metabolite levels and reaction rates, ultimately driving the growth rate and biomass accumulation, our results suggest an explanation for the prevalence of the phenomenon of heterosis by crossing lines from divergent heterotic pools.
More specifically, focusing on the effect of the observed robustness of some analytes in hybrids in comparison to inbreds, we demonstrated that multivariate predictive models based on the most robust analytes from the root (leaf) data set explained up to 37% (44%) of the variance in FW from two distinct field trials, the same amount as models trained with all analytes. Altogether, our results suggested that the metabolic profiles of leaf samples from field-grown plants are better predictors of FW compared with the metabolic profiles of the young roots from seedlings grown under controlled conditions. We also point out that plant yield (g plant À1 ) was shown to be significantly correlated with total kernel weight (r = 0.799, Pvalue <0.05) in hybrids generated from crossing B73 with a panel of diverse lines (Flint-Garcia et al., 2009 ). This could indicate that predicting plant yield could serve as a proxy for seed yield. In addition, the metabolite rankings also hinted at the overall greater biomass predictability from the leaf data set in comparison to the leaf data set. However, the gain in predictability from testing hybrids in the field compared with testing in the lab might not be advantageous with the increase of time and cost demands. Furthermore, the identification of metabolites involved in plant defense responses and negatively correlated with biomass is in line with well-established evidence trade-off between plant growth and defense (Todesco et al., 2010; Kempel et al., 2011; Denanc e et al., 2013) . In particular, the downregulation of defense pathways has been shown in hybrids of a number of species at the expression level, and it was satisfying that our study supported these lines of evidence (Huang et al., 2006; Li et al., 2009; Song et al., 2009; Peng et al., 2014; Groszmann et al., 2015; Wang et al., 2015) . We found that pyroglutamate (5-oxoproline) and glutamine were positively correlated with FW. These compounds participate in common pathways: pyroglumate can be converted to glutamate, which in turn can be converted to glutamine (Mazelis and Pratt, 1976) . Interestingly, the anti-oxidant compound glutathione is synthesized from glutamate, and one can hypothesize that the accumulation of these metabolites is a consequence of a metabolic bottleneck in the production of stress-protective compounds (Galant et al., 2011) . Aspartic acid is negatively correlated with FW and was shown to accumulate upon drought stress in maize (Rai, 2002) . Morin and secologanin, a flavonoid and a terpenoid, respectively, were also negatively correlated with FW. Ornithine levels in the young roots were positively correlated with FW, in contrast to the negative correlation observed in the leaf samples. Indeed, ornithine levels in the root data set were negatively correlated to its levels in the leaf data set (r = À0.30, P = 7.41 9 10 À9 ). Because ornithine descarboxylase catalyzes the conversion of ornithine to putrescine and other stress-protective polyamines, their accumulation rates should be inversely proportional and may explain the opposite correlation signs of these compounds in the leaf data set (Dalton et al., 2016) . Chlorogenic acid, also a defense-related compound, was negatively correlated with FW (Ludlum et al., 1991; Leiss et al., 2009) . Because the levels of these defense-related compounds were not particularly robust, we note that our best predictive models largely did not consider these metabolites. Therefore, the groups of stress-related and robust metabolites might independently contribute to improving the predictability of heterotic performance. Therefore, monitoring the levels of metabolites with a central role in defense-related pathways should be taken into consideration in future efforts devoted to further characterize and predict heterosis. Prediction of hybrid performance based on genomic data following the well-established approach of genomic selection is becoming cost-effective. However, this approach requires the usage of millions of genetic markers and does not account for the complicated allelic interactions that characterize improved hybrid performance. Our findings indicate that prediction of hybrid performance based on robust metabolite levels in young roots is a time-, space-and cost-effective solution that provides biological insights into mechanisms of improved growth and can only further benefit with the increasing number of metabolites that can be profiled.
EXPERIMENTAL PROCEDURES Plant material
The maize root samples, constituting a panel of 573 unique genotypes (n hybrids = 363, n Flint = 109, n Dent = 101) were germinated as described by Hoecker et al. (2006) . For each of the two replicates per genotype, 10 kernels were wrapped in a half-germination paper. The 3.5-day-old roots were excised with a razor blade; the roots growing on the same filter paper were pooled, promptly snap-frozen in liquid nitrogen and stored at À70°C. Frozen samples were randomly ground in 2.0 ml round-bottom micro-vials (Eppendorf, Germany), and approximately 15 mg of homogenized material (exact weight recorded for posterior statistical analysis) was subject to sample extraction.
The maize leaf samples, constituting the same set of genotypes, were obtained from~5-cm-long 3rd leaf segments from plants 28 days after sowing in the third leaf stage (V3), from field trials at the experimental agricultural station 'Heidfeldhof' (48°42 0 52.9″N 9°11 0 07.9″E) at the end of May 2012. The plants were grown in three distinct field trials (M1-3), with hybrid genotypes evaluated in M1 and M2 and inbred lines in M3, all of which were represented by two replicates. Hybrid genotypes in M1 were randomized in a 41 9 5 a-lattice design with two rows per plot, hybrids in M2 were randomized in a 41 9 10 a-lattice design with a single row per plot, and inbred lines in M3 were randomized in a 25 9 10 a-lattice design with one row per plot. Owing to the large number of entries, the field design was laid out with respect to the possibility of sampling on two separate days; adjustment was possible due to overlaps between the shared entities.
Leaf sampling was carried out according to the protocol of Riedelsheimer and colleagues (Riedelsheimer et al., 2012b) . The harvest took place in the afternoon of two consecutive days to account for the large number of genotypes and metabolism changes that can occur during the day. Every freshly cut leaf was immediately placed between two layers of dry ice to minimize any subsequent metabolic activity after sampling. After shipping the samples to the Max-Planck Institute in Potsdam, the material was stored in liquid nitrogen until the beginning of the laboratory analyses. The assortment of samples in the field was carried over to the laboratory to avoid confounding of experimental effects. Hence, each incomplete block from the field experiment was analyzed in its entirety in a single batch during the laboratory phase. Here also, approximately 15 mg of homogenized material was subject to sample extraction.
GC/MS data acquisition
Root samples were analyzed as described by Krall et al. (2009) . Data processing and compound identification were performed as described by Meissner et al. (2014) . To keep the normalized peak heights within the original measurement scale, each sample profile was divided by the ratio of its corresponding profile-specific scale parameter to the mean of estimated scale parameters across all profiles. To account for analytical variations during sample derivatization and extraction, the quantification-peak data set was normalized first to the total ion count of the retention index markers (FAMES) and secondly to the U-13 C-sorbitol peak height. All 14 analytical standards were removed afterwards. Leaf samples were analyzed by GC/MS in a targeted approach, according to the protocol of Lisec et al. (2006) .
Statistical analysis and data processing
In both data sets, sample checks and analytes with >20% missing values were removed -the proportion of missing values in the inbred (hybrid) subset was 5.79% (5.93%) in the root data set and 15.02% (7.75%) in the leaf data set, respectively. Batch normalization was then carried out as
where Q 2 denoted the median, i denotes the ith sample, j denotes the jth analyte, and k denotes the kth GC/MS batch.
The model for the analysis of the GC/MS data was
where l is the grand mean, g i the fixed genetic effect of the ith entry, r j the fixed effect of the jth replication, a k the fixed effect of the kth batch in the laboratory, f l a fixed dummy variable for fungi contamination, encoded as 0 if the sample was clear and 1 if the sample was contaminated, ra jk the random interaction between the jth replicate and the kth laboratory batch, the fixed, scaled covariate of the mth position of an entry analyzed in the jkth GC/MS batch, b p the regression coefficient for the longitudinal effect in the mkth GC/MS batch and the residual error e ijklmÑ (0, r
The model for the GC/MS data from the leaf samples, for hybrids was
where l is the grand mean, g i the fixed genetic effect of the ith entry, d j the fixed effect of the jth harvest day, m k the fixed effect of the kth field trial, r kl the fixed effect of the lth field replication within the kth field trial, b klm the random effect of the mth block within the klth field replication, t n the fixed effect of the nth technician, a o the random effect of the oth batch, p po the fixed, scaled covariate of the pth position of the entry analyzed in the oth batch, b p the regression coefficient for the longitudinal effect in the oth batch, and the residual error e ijklmnop~N (0, r 2 e ). The model for the inbred lines was analogous except for the field trial effect.
For the leaf analytes, owing to strong interaction effects between inbred lines and hybrids, we opted for the use of unconnected field trials for either group. Consequently, all due data processing steps were applied separately to each group.
Any data point whose studentized residual was further than three standard deviations from the mean was considered an outlier and was removed from the data set. Subsequently, the above models were applied once more to the data set after outlier removal. BLUEs were calculated as M i ¼l þĝ i , wherel andĝ i denote the generalized least-squares estimates of l and g i , respectively.
Field biomass data
Field biomass data of the hybrids (BBCH stage 89; Lancashire et al., 1991) were obtained from two distinct field tests: one with 183 hybrid genotypes, together with five checks, in October 2010; and the other with the remaining 180 hybrid genotypes, together with nine checks, in May 2012. The two experiments were carried out at the experimental agricultural station 'Heidfeldhof' (48°42 0 52.9″N 9°11 0 07.9″E), using generalized lattice (alpha) designs with two replications and five two-row plots per block. Hybrid performance of the crosses was recorded as whole-plant biomass (i.e. FW) per unit of area, defined as q ha À1 (quintals per hectare).
PCAs
All PCAs were conducted separately with the root and the leaf data sets after an initial range scaling (van den Berg et al., 2006) . Upon PCA of hybrid profiles we employed different plotting character sizes for each of the four quartiles of biomass. The Moran's I tests for spatial autocorrelation were performed using field FW and the spatial weights derived from the relative neighborhood graphs, which in turn were generated by using the coordinates of the two first PCs from the PCA of each data set. This was performed using the R package 'spdep' (Bivand et al., 2013; Bivand and Piras, 2015) .
Distribution of log 2 (CV H /CV P ) of metabolic traits
Separately for the root and leaf data sets, for every individual metabolite (n = 165, root; n = 82, leaf), we calculated the CV (i.e. CV = standard deviation/mean) in hybrids and inbreds, independently, as well as their ratio. We in turn inspected the mean of the distribution of (log 2 -transformed) ratios of CVs over all analytes.
To estimate significance, we tested the null hypothesis l obs = E(l perm ) by comparing l obs with the distribution of mean values l perm of the equivalent distributions derived from 10 000 randomly permuted data sets. For this purpose, for every single permutation, we randomly assigned all metabolic profiles (hybrids and inbred lines) to two groups with the sizes of the inbred and hybrid pools (n hybrids = 363, n inbreds = 210), and proceeded with the log 2 -transformation of group-wise CV-ratio and determined the respective mean value. The resulting 10 000 mean values were then summarized in the form of a histogram, again contrasting to the obtained l obs . P-values were estimated from two-tailed Z-tests (based on the amount of standard deviations that l obs lies away from the mean), under the null hypothesis that E(l obs ) = E(l perm ), with a = 0.01.
For comparison with only additive effects in hybrids, we modified the root and leaf data sets by changing the hybrid analyte levels into the average levels of their corresponding parental inbreds and repeated the procedure. Only hybrids with existing metabolic profiles of their parental inbreds were used in these simulations (n hybrids = 326, n inbreds = 210).
Comparative modeling of hybrid performance based on metabolic robustness
For each data set, two metabolite rankings were generated using the previously computed log 2 (CV H /CV P ) values, by decreasing and increasing order, respectively. For each ranking of analytes, a SVM-RBF was separately trained with different subsets of features from hybrids (a total of 161 and 77 with the root and leaf data sets, respectively) for predicting biomass, starting from the first five features and successively adding, one by one, the remaining following the ranking. The models were trained using a fivefold cross-validation in 25 independent trials and the corresponding mean R 2 was reported, as a measure of predictability. For test validation, we randomly sampled 80% of the hybrid population, fitted the model (fivefold cross-validation in five independent trials) and predicted on the remaining 20%, repeating the procedure 25 times. The modeling procedure was carried out using the R package 'caret' (Kuhn, 2008) .
Metabolite ranking based on correlation with FW
Using hybrid genotypes, separately for the root and leaf data sets, analytes were sorted in increasing order of the absolute correlation of the respective levels and biomass of field-grown plants. Along with r, we also extracted the corresponding P-values as estimated by two-tailed t-tests, followed by a Bonferroni multiple test correction, with a = 0.01. Figure S1 . Principal component analysis (PCA) of metabolic profiles from inbreds and hybrids using the root data set. Figure S2 . Principal component analysis (PCA) of metabolic profiles from inbreds. Figure S3 . Diallel schematic representation of hybrids and their parental inbreds. Figure S4 . Principal component analysis (PCA) of metabolic profiles from hybrids overlaid with relative neighborhood networks. Figure S5 . Schematic representation of the calculation of log 2 (CV H /CV P ). Figure S6 . Comparative analysis of the contribution from the ratio between means and the ratio between standard deviations to log 2 (CV H /CV P ). Figure S7 . Comparative analysis of metabolic robustness with hybrid values set to the average parental values. Figure S8 . Difference of log 2 (CV H /CV P ) in the root and leaf data sets, and the data sets with hybrid levels set to the parental mean values. Figure S9 . Effect of the number of analytes in predicting hybrid performance. Figure S10 . Goodness-of-fit on the worst and best performing hybrids. Table S1 . Root metabolic data set. Table S2 . Leaf metabolic data set. Table S3 . Hybrid biomass data set.
